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Treatment outcome clustering patterns 
correspond to discrete asthma phenotypes 
in children
Ivana Banić1†, Mario Lovrić2,3*†  , Gerald Cuder3, Roman Kern2,3, Matija Rijavec4, Peter Korošec4 and 
Mirjana Turkalj1,5,6 

Abstract 

Despite widely and regularly used therapy asthma in children is not fully controlled. Recognizing the complexity 
of asthma phenotypes and endotypes imposed the concept of precision medicine in asthma treatment. By apply-
ing machine learning algorithms assessed with respect to their accuracy in predicting treatment outcome, we have 
successfully identified 4 distinct clusters in a pediatric asthma cohort with specific treatment outcome patterns 
according to changes in lung function (FEV1 and MEF50), airway inflammation (FENO) and disease control likely 
affected by discrete phenotypes at initial disease presentation, differing in the type and level of inflammation, age 
of onset, comorbidities, certain genetic and other physiologic traits. The smallest and the largest of the 4 clusters- 1 
(N = 58) and 3 (N = 138) had better treatment outcomes compared to clusters 2 and 4 and were characterized by 
more prominent atopic markers and a predominant allelic (A allele) effect for rs37973 in the GLCCI1 gene previously 
associated with positive treatment outcomes in asthmatics. These patients also had a relatively later onset of disease 
(6 + yrs). Clusters 2 (N = 87) and 4 (N = 64) had poorer treatment success, but varied in the type of inflammation 
(predominantly neutrophilic for cluster 4 and likely mixed-type for cluster 2), comorbidities (obesity for cluster 2), level 
of systemic inflammation (highest hsCRP for cluster 2) and platelet count (lowest for cluster 4). The results of this study 
emphasize the issues in asthma management due to the overgeneralized approach to the disease, not taking into 
account specific disease phenotypes.
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Background
Asthma is a complex disorder of a still not com-
pletely known pathobiology, characterized by revers-
ible airway obstruction, airway hyperresponsiveness 
to specific and non-specific stimuli, and a chronic 
inflammation in the airways. This, along with the vari-
ability in disease etiology, type and level of inflamma-
tion, bronchial damage and lung function impairment, 

specific clinical features and natural course of the dis-
ease (persisting to adulthood or remission in adoles-
cence), reflects the vast heterogeneity and complexity 
of asthma [1]. Current knowledge of asthma patho-
physiological mechanisms as a Th2 cell mediated aller-
gic reaction does not suffice in explaining and dealing 
with a large portion of this heterogeneity, which is 
why in the past years the concept of asthma as a single 
disease has been revisited and redefined as a complex 
syndrome or an “umbrella” term encompassing sev-
eral different subtypes (phenotypes) defined by newly 
conceived immuno-pathophysiological mechanisms- 
endotypes [2]. This complexity is multiplied by the 
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fact that certain children with asthma seem to retain 
a specific sum of clinical features during the course of 
their disease, while others are known to transition to 
another (or several) phenotype.

A number of studies have attempted to perform 
asthma phenotyping by the use of unsupervised 
machine learning techniques. Most of them have 
identified age of onset- early onset vs late onset dis-
ease presentation [3–7]; gender [8]; atopy status [3, 9], 
obesity [5, 6] and type of inflammation- eosinophil, 
neutrophil, mixed type, Th2 high/low [4, 8, 10, 11] as 
main discriminants in distinguishing specific clusters 
(phenotypes). Although these studies identified several 
distinct phenotypes, the vast disease heterogeneity has 
still most likely been a major hindrance in the develop-
ment of targeted therapies in asthma so far [12].

Today, common asthma treatment is actually symp-
tomatic treatment, with short-term medications that 
are mostly used to relieve current symptoms and long-
term medications used in case of persistent symptoms 
to control the underlying inflammation and prevent 
exacerbations. There is a marked patient-to-patient 
variability as well as intra-individual repeatability in 
the therapeutic response for all common medication 
classes in asthma management, indicating that the 
level of treatment response in asthma might have a 
strong genetic basis. A significant proportion of chil-
dren with asthma have poor (partial or none) response 
when using currently available anti-inflammatory 
drugs [13]. Although asthma cannot be cured, with 
appropriate management adequate control and good 
quality of life can be achieved [14]. Still, even the lat-
est GINA guidelines and recommendations, involving 
symptom control and exacerbation risk do not offer 
adequate insight into disease etiology and true level of 
asthma control. Also, there are no recommendations 
as to treatment failure identification and changes rec-
ommended towards the treatment of choice (different 
drug classes or their combinations) or only general 
choice recommendations are made (the physician can 
choose between several treatment options with the 
generally preferred option recommended). Moreover, 
few phenotyping studies to date have focused on treat-
ment success as a study outcome despite the evident 
issues in treatment efficacy in asthma [9, 15].

In this study we attempted to utilize hierarchical 
clustering and decision trees in understanding treat-
ment outcomes, while combining extensive clinical 
and genetic data in a relatively homogenous cohort 
of pediatric patients with asthma, with a long-term 
clinical follow-up (2  years), which has not been done 
before.

Population and Methods
Population studied: The SCH (Srebrnjak Children`s 
Hospital) cohort
In this cohort there are 365 pediatric patients (355 
children aged 2–17  years and 10 adolescents aged 
18–22 years) with atopic and non-atopic, intermittent to 
severe persistent asthma [14], which were recruited in a 
prospective, non-interventional type of clinical study at 
the outpatient clinic at the Srebrnjak Children’s Hospi-
tal (SCH). This cohort was also subject to our previous 
study [16]. Informed consent was obtained from the chil-
dren’s parents/legal guardians. The study protocol was 
approved by the local Ethics Committee (at SCH). Rel-
evant clinical and other characteristics of the cohort (at 
baseline) are presented in Table 1.

At their first visit patients underwent physical exami-
nation, anthropometric measurements and a standard 
battery of diagnostic procedures and measurements to 
establish a diagnosis of asthma (lung function and allergy 
tests, as well as other tests and procedures- hematologic 
and biochemical blood tests, comorbidity testing etc.). 
The patients started treatment with inhaled corticoster-
oids, ICS (alone or in combination with LABA- long-
acting beta-agonists) and/or LTRA (leukotriene receptor 
antagonists), according to GINA guidelines (Global Strat-
egy for Asthma Management and Prevention, steps 1–5, 
according to presenting symptoms and assessed disease 
severity [14]). Treatment was prescribed by pediatric 
allergy or pulmonology specialists (study investigators) 
at SCH. Follow-up visits with lung function and airway 
inflammation testing as well as physical examination 
were made on average every 6  months over the period 
of 2  years (shown in Table  2). Additionally, treatment 
outcomes (responses) and the level of disease control 
(according to GINA guidelines) were assessed at each 
visit and if needed, treatment was adjusted according to 
the stepwise approach to asthma management [14]. The 
observational study is described in the supplementary file 
in detail.

Response variables
According to their response to treatment (at each visit, 
short-term- every 6  months and long-term- 12 and 
18  months after treatment initiation), patients were 
divided into “good”, “moderate” and “poor” responders 
in accordance with  the Minimal Clinically Important 
Difference (MCID) for lung function adjusted for chil-
dren and data from other studies evaluating treatment 
response in asthma, taking into account changes in the 
level of disease control and changes in the level of airway 
inflammation- FENO values, presented in Table  3 [14, 
17–21].
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Machine learning and statistical methods
The data preprocessing is described in the supplementary 
file. Due to missing data 347 patients were included in the 
analysis. Hierarchical clustering analysis (HCA) on the 
response data was performed using the Ward’s method [5, 
7, 8]. Clustering was performed on the patients` response 
data in each treatment phase from baseline to the 3rd 
control visit, represented as nominal data (1 = , 2 = , 3 = , 
corresponding to good, moderate and poor response to 
treatment, respectively). To determine the  differences 
between the clusters we applied the Kruskal–Wallis test 

for continuous and the chi-square test for categorical 
variables [5]. Decision tree classification (DTC) [22] was 
used to reveal discriminatory phenotypic characteristics 
affecting response clustering based on non-linear rela-
tionships. Decision trees have proven useful for deci-
sion making [16, 23] often resembling human-like logic 
by binning patients according to their diagnostic features 
and are accepted by medical personnel [5]. The 4 clusters 
obtained from HCA on response outcomes were set as 
target classes (4 classes) for DTC. The features were all 
relevant data from baseline, as indicated in Table 2. The 

Table 1  Clinical and other relevant characteristics (demographic, lung function, asthma features, comorbidity etc.) of the cohort 
(at baseline). SD- standard deviation, M- male, F- female, BMI- body mass index, AR- allergic rhinitis, AD- atopic dermatitis, GERD- 
gastroesophageal reflux disease, RI- reflux index, OSA- obstructive sleep apnoea, AHI- apnoea/hypopnea index, IgE- immunoglobulin 
E, WBC- white blood cells, hsCRP- high-sensitivity C-reactive protein. Percentile of BMI- underweight (≤ 5), normal (5–85), overweight 
(86–94), obese (≥ 95)

Age (years)- (mean, SD) 9.97 (3.97)

M- 9.68 (3.93) F- 10.44 (4.01)

Gender (M/F)- N (%) M 223 (61.10) F 142 (38.90)

Percentile of BMI- N (%) Underweight 11 (3.01)

Normal 253 (69.32)

Overweight 50 (13.70)

Obese 51 (13.97)

Duration of disease (years)- mean (SD) 3.27 (2.83) N = 302

Comorbidities- N (%), mean (SD) AR 312 (85.48)

AD ever 101 (27.67)

AD currently 23 (6.33)

GERD, RI score 101 (27.82), 9.10 (SD- 
11.19)

OSA, AHI 14 (3.84), 0.57 (SD- 2.84)

Atopy (yes/no)- N (%) Yes 319 (87.40)

No 46 (12.60)

Total IgE (kIU/l)- mean (SD) 614.54 (1145.62), N = 351

Eosinophil count (absolute)- median (SD) 416.35 (341.27), N = 355

Neutrophil count (% of total WBC)- mean (SD) 49.76 (12.86), N = 364

hsCRP (mg/l)- mean (SD) 2.23 (9.30), N = 311

Lung FENO (ppb)- mean (SD) 20.49 (20.07), N = 350

% of FEV1 predicted- mean (SD) 87 (17.14)

% of MEF50 predicted- mean (SD) 88 (23.11)

Table 2  The features used in this study. The features are described into more detail in the supplementary file

baseline demographics gender, age

subjective clinical data at baseline (personal and family medical history- atopy status, allergic rhinitis (AR), atopic dermatitis (AD), food allergy and 
other comorbidities)

objective clinical data at baseline and other follow-up appointments- symptom control, frequency and severity of exacerbations in the period since 
the last visit, lung function, airway inflammation (FENO) measurement and medication useat baseline- skin prick and total 
and specific IgE test results, hematologic and biochemical blood test results, comorbidity status ENT examination, pH prob-
ing with impedance for the reflux episodes monitoring for diagnostics of GERD/LPR, polysomnography for diagnostics of 
OSAS, height and weight for calculation of BMI percentiles

genetic data genotypes for rs37973 (GLCCI1), rs9910408 (TBX21), rs242941 (CRHR1), rs1876828 (CRHR1), rs1042713 (ADRB2) and rs17576 
(MMP9)
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DTC algorithm provides feature importance, a non-linear 
technique for understanding machine learning decisions 
and prioritization of variables [16, 24–26] in our case 
important to differentiate among the clusters/classes.

Results
We have identified 4 distinct outcome clusters from the 
dendrogram in Fig. 2 which are described in Table 4.

The relevant features corresponding to outcome data 
and clinical, demographic and genetic data at baseline 
characterizing each response cluster/class (cluster statis-
tics) are shown in Tables 5 and 6, respectively, while the 
main discriminants according to the DTC are presented 
by feature importance in % (see supplementary data, 
Table S5).

The main phenotype variable discriminatory for the 
response clusters according to DTC was MEF50 predicted 
at baseline, followed by the use of reliever medication 
(SABA) which is a parameter incorporated in asthma 
control assessment, use of combination treatment 
(ICS + LABA) which also indicates poorer disease con-
trol; hsCRP, FENO at baseline, neutrophil blood count 
which reflect the type and level of inflammation, and 
total IgE which corresponds to the atopy status and sen-
sitization levels (see Fig.  2 and Table  6), although these 

variables were not significantly different between clusters 
in the cluster statistics.

Discussion
Our results indicate that clusters 1–3 have overall good 
long-term treatment outcomes assessed by changes 
in asthma control. Cluster 1 had moderate levels of 
response to treatment according to lung function param-
eters (both FEV1 and MEF50), which may be explained 
by the fact that these patients didn`t have significantly 
impaired lung function at baseline. These patients also 
had relatively poor FENO- related response to treatment, 
which may be a consequence of sensitization to HDM, 
as the majority of these patients had strong sensitization 
to HDM (sIgE > 17.51 kU/L), see Tables 5 and 6. A study 
involving a pediatric cohort in Korea has demonstrated 
that the levels of sIgE to HDM correlate with increases 
in FENO [27]. Moreover, sensitization to HDM has 
been associated with poorer disease outcomes in chil-
dren. [28] Also, these patients were older (mean age ca. 
12  years) and had later onset of the disease (ca. 6  years 
of age), which may also contribute to poorer response to 
treatment [3–7]. Cluster 1 also had the highest eosino-
phil count and the highest serum total IgE levels (Fig. 2 
and Table  6), which may indicate a higher level of Th2 
inflammation.

Table 3  Response variables assessed at each visit (compared to a previous one- 6, 12 and 18  months after baseline). Response to 
treatment is defined into more detail in the supplementary file (Table S3). ppb- parts per billion

FEV1 MEF50 FENO Asthma control

Good Increase ≥ 10% predicted Increase ≥ 15% predicted Decrease < 20% for FENO values > 35 (50) ppb
or
increase < 10 ppb for FENO values < 35 (50) 

ppb

improvement in asthma control

Moderate  ± 9%
predicted

 ± 14%
predicted

 ≤ 20% FENO ≤ 20% for FENO values over 35 
(50) ppb

or
 ± 10 ppb for FENO values < 35 (50) ppb

no changes in partial asthma control

Poor Decrease ≤ 
(-10%) predicted

Decrease
 ≤ (-15%) predicted

Increase > 20% for FENO values > 35 (50) ppb
or
increase > 10 ppb for FENO values < 35 (50) 

ppb

deterioration in asthma control

Table 4  Description of the obtained clusters from Fig. 1. The descriptions are extracted from the statistical analysis in Table 5

Cluster 1(N = 58) patients with overall good response to treatment according to the level of asthma control, moderate response to treatment 
according to lung function parameters (relative changes in FEV1 and MEF50) and moderate or poor response to treatment 
according to changes in FENO

Cluster 2(N = 87) patients with overall good response to treatment according to the level of asthma control, good or moderate levels of 
response to treatment according to changes in FENO, moderate response to treatment according to % change in FEV1 and 
poor or moderate levels of response to treatment according to changes in MEF50

Cluster 3(N = 138) patients with overall good response to treatment according to all parameters analyzed (see Sect. 2.2.)

Cluster 4(N = 64) patients with overall poor (moderate and poor) response to treatment according to changes in lung function, moderate levels 
of response according to FENO changes and long-term poor response to treatment according to the level of asthma control



Page 5 of 11Banić et al. asthma res and pract            (2021) 7:11 	

Ta
bl

e 
5 

Re
sp

on
se

 to
 tr

ea
tm

en
t (

ou
tc

om
e)

- r
el

at
ed

 c
lu

st
er

 s
ta

tis
tic

s. 
W

ar
d`

s 
Eu

cl
id

ea
n 

m
et

ho
d,

 χ
2 

te
st

, p
 <

 0
.0

5.
 A

bb
re

vi
at

io
ns

 fo
r r

es
pe

ct
iv

e 
re

sp
on

se
s 

to
 tr

ea
tm

en
t a

re
 d

efi
ne

d 
in

 
Su

pp
le

m
en

t T
ab

le
 1

Fe
at

ur
e 

/ N
o 

of
 p

at
ie

nt
s

Cl
us

te
r 1

 (N
 =

 5
8)

Cl
us

te
r 2

 (N
 =

 8
7)

Cl
us

te
r 3

 (N
 =

 1
38

)
Cl

us
te

r 4
 (N

 =
 6

4)
p-

va
lu

e

G
oo

d
N

 (%
)

M
od

er
at

e
N

 (%
)

Po
or

N
 (%

)
G

oo
d

N
 (%

)
M

od
er

at
e

N
 (%

)
Po

or
N

 (%
)

G
oo

d
N

 (%
)

M
od

er
at

e
N

 (%
)

Po
or

N
 (%

)
G

oo
d

N
 (%

)
M

od
er

at
e

N
 (%

)
Po

or
N

 (%
)

Re
sp

 F
EV

1
ba

se
lin

e 
to

 1
st

 c
on

tr
ol

17 (2
9.

31
)

27 (4
6.

55
)

14 (2
4.

14
)

8 (9
.2

)
45 (5

1.
72

)
34 (3

9.
08

)
75 (5

4.
35

)
49 (3

5.
51

)
14 (1

0.
14

)
19 (2

9.
69

)
24 (3

7.
5)

21 (3
2.

81
)

 <
 

0.
00

1

Re
sp

 F
EN

O
 b

as
el

in
e 

to
 1

st
 c

on
tr

ol
1 (1

.7
2)

57 (9
8.

28
)

0 (0
)

79 (9
0.

8)
7 (8

.0
5)

1 (1
.1

5)
10

8
(7

8.
26

)
14 (1

0.
14

)
16 (1

1.
59

)
58 (9

0.
62

)
4 (6

.2
5)

3 (3
.1

2)
 <

 
0.

00
1

Re
sp

 C
TR

L 
ba

se
lin

e 
to

 1
st

 c
on

tr
ol

34 (5
8.

62
)

12 (2
0.

69
)

12 (2
0.

69
)

55 (6
3.

22
)

22 (2
5.

29
)

10 (1
1.

49
)

94 (6
8.

12
)

16 (1
1.

59
)

28 (2
0.

29
)

34 (5
3.

12
)

11 (1
7.

19
)

19 (2
9.

69
)

 <
 

0.
05

Re
sp

 M
EF

50
 b

as
el

in
e 

to
 1

st
 c

on
tr

ol
18 (3

1.
03

)
22 (3

7.
93

)
18 (3

1.
03

)
5 (5

.7
5)

43 (4
9.

43
)

39 (4
4.

83
)

75 (5
4.

35
)

43 (3
1.

16
)

20 (1
4.

49
)

20 (3
1.

25
)

22 (3
4.

38
)

22 (3
4.

38
)

 <
 

0.
00

1

Re
sp

 F
EV

1 1
st

 to
 2

nd
 c

on
tr

ol
9 (1

5.
52

)
46 (7

9.
31

)
3 (5

.1
7)

10 (1
1.

49
)

64 (7
3.

56
)

13 (1
4.

94
)

44 (3
1.

88
)

70 (5
0.

72
)

24 (1
7.

39
)

18 (2
8.

12
)

40 (6
2.

5)
6 (9

.3
8)

 <
 

0.
00

1

Re
sp

 F
EN

O
 1

st
 to

 2
nd

 c
on

tr
ol

48 (8
2.

76
)

10 (1
7.

24
)

0 (0
)

55 (6
3.

22
)

21 (2
4.

14
)

11 (1
2.

64
)

84 (6
0.

87
)

30 (2
1.

74
)

24 (1
7.

39
)

39 (6
0.

94
)

14 (2
1.

88
)

11 (1
7.

19
)

 <
 

0.
05

Re
sp

 C
TR

L 
1st

 to
 2

nd
 c

on
tr

ol
52 (8

9.
66

)
2 (3

.4
5)

4 (6
.9

)
59 (6

7.
82

)
11 (1

2.
64

)
17 (1

9.
54

)
11

8
(8

5.
51

)
4 (2

.9
)

16 (1
1.

59
)

46 (7
1.

88
)

6 (9
.3

8)
12 (1

8.
75

)
 <

 
0.

01

Re
sp

 F
EV

1 2
nd

 to
 3

rd
 c

on
tr

ol
3 (5

.1
7)

45 (7
7.

59
)

10 (1
7.

24
)

11 (1
2.

64
)

73 (8
3.

91
)

3 (3
.4

5)
21 (1

5.
22

)
89 (6

4.
49

)
28 (2

0.
29

)
4 (6

.2
5)

42 (6
5.

62
)

18 (2
8.

12
)

 <
 

0.
00

1

Re
sp

 F
EN

O
 2

nd
 to

 3
rd

 c
on

tr
ol

16 (2
7.

59
)

26 (4
4.

83
)

16 (2
7.

59
)

29 (3
3.

33
)

48 (5
5.

17
)

10 (1
1.

49
)

54 (3
9.

13
)

75 (5
4.

35
)

9 (6
.5

2)
23 (3

5.
94

)
29 (4

5.
31

)
12 (1

8.
75

)
 <

 
0.

01

Re
sp

 C
TR

L 
2nd

 to
 3

rd
 c

on
tr

ol
53 (9

1.
38

)
3 (5

.1
7)

2 (3
.4

5)
82 (9

4.
25

)
5 (5

.7
5)

0 (0
)

12
8

(9
2.

75
)

6 (4
.3

5)
4 (2

.9
)

2 (3
.1

2)
9 (1

4.
06

)
53 (8

2.
81

)
 <

 
0.

00
1

Re
sp

 M
EF

50
 2

nd
 to

 3
rd

 c
on

tr
ol

3 (5
.1

7)
41 (7

0.
69

)
14 (2

4.
14

)
20 (2

2.
99

)
57 (6

5.
52

)
10 (1

1.
49

)
38 (2

7.
54

)
76 (5

5.
07

)
24 (1

7.
39

)
4 (6

.2
5)

36 (5
6.

25
)

24 (3
7.

5)
 <

 
0.

00
1

Re
sp

 F
EV

1 b
as

el
in

e 
to

 2
nd

 c
on

tr
ol

22 (3
7.

93
)

23 (3
9.

66
)

13 (2
2.

41
)

6 (6
.9

)
42 (4

8.
28

)
39 (4

4.
83

)
79 (5

7.
25

)
54 (3

9.
13

)
5 (3

.6
2)

19 (2
9.

69
)

30 (4
6.

88
)

15 (2
3.

44
)

 <
 

0.
00

1

Re
sp

 F
EN

O
 b

as
el

in
e 

to
 2

nd
 c

on
tr

ol
7 (1

2.
07

)
0 (0

)
51 (8

7.
93

)
13 (1

4.
94

)
65 (7

4.
71

)
9 (1

0.
34

)
25 (1

8.
12

)
90 (6

5.
22

)
23 (1

6.
67

)
14 (2

1.
88

)
42 (6

5.
62

)
8 (1

2.
5)

 <
 

0.
00

1

Re
sp

 C
TR

L 
ba

se
lin

e 
to

 2
nd

 c
on

tr
ol

50 (8
6.

21
)

6 (1
0.

34
)

2 (3
.4

5)
61 (7

0.
11

)
16 (1

8.
39

)
10 (1

1.
49

)
12

0
(8

6.
96

)
10 (7

.2
5)

8 (5
.8

)
42 (6

5.
62

)
10 (1

5.
62

)
12 (1

8.
75

)
 <

 
0.

01

Re
sp

 M
EF

50
_d

ia
gn

 to
 2

nd
 c

on
tr

ol
17 (2

9.
31

)
27 (4

6.
55

)
14 (2

4.
14

)
3 (3

.4
5)

36 (4
1.

38
)

48 (5
5.

17
)

74 (5
3.

62
)

60 (4
3.

48
)

4 (2
.9

)
14 (2

1.
88

)
35 (5

4.
69

)
15 (2

3.
44

)
 <

 
0.

00
1

Re
sp

 F
EV

1 b
as

el
in

e 
to

 3
rd

 c
on

tr
ol

19 (3
2.

76
)

20 (3
4.

48
)

19 (3
2.

76
)

8 (9
.2

)
49 (5

6.
32

)
30 (3

4.
48

)
71 (5

1.
45

)
62 (4

4.
93

)
5 (3

.6
2)

8 (1
2.

5)
39 (6

0.
94

)
17 (2

6.
56

)
 <

 
0.

00
1

Re
sp

 F
EN

O
 b

as
el

in
e 

to
 3

rd
 c

on
tr

ol
12 (2

0.
69

)
25 (4

3.
1)

21 (3
6.

21
)

15 (1
7.

24
)

56 (6
4.

37
)

16 (1
8.

39
)

34 (2
4.

64
)

86 (6
2.

32
)

18 (1
3.

04
)

10 (1
5.

62
)

37 (5
7.

81
)

17 (2
6.

56
)

 <
 

0.
01

Re
sp

 C
TR

L 
ba

se
lin

e 
to

 3
rd

 c
on

tr
ol

53 (9
1.

38
)

5 (8
.6

2)
0 (0

)
81 (9

3.
1)

6 (6
.9

)
0 (0

)
13

5
(9

7.
83

)
3 (2

.1
7)

0 (0
)

4 (6
.2

5)
20 (3

1.
25

)
40 (6

2.
5)

 <
 

0.
00

1

Re
sp

 M
EF

50
 b

as
el

in
e 

to
 3

rd
 c

on
tr

ol
11 (1

8.
97

)
30 (5

1.
72

)
17 (2

9.
31

)
5 (5

.7
5)

37 (4
2.

53
)

45 (5
1.

72
)

71 (5
1.

45
)

61 (4
4.

2)
6 (4

.3
5)

4 (6
.2

5)
36 (5

6.
25

)
24 (3

7.
5)

 <
 

0.
00

1



Page 6 of 11Banić et al. asthma res and pract            (2021) 7:11 

Cluster 2 was similar to cluster 1 in terms of response to 
treatment according to disease control and FEV1 param-
eters, but they had good or moderate levels of response 
to treatment according to FENO changes, probably due 
to the fact that this cluster was not significantly associ-
ated with sensitization to HDM. These children had rela-
tively earlier age of onset of disease (ca. 5 years of age). 
Additionally, cluster 2 patients had poor MEF50- related 
response, although their baseline MEF50 measurements 
were not impaired (Tables  5 and 6). This suggests that 
lung function in the distal airways deteriorates with time 
in these patients despite regular medication use which 
contributes to the importance of the small airways in 
children with asthma [29]. Additionally, there is evidence 
that obstruction in the small airways may be involved in 
the pathophysiology and resistance to treatment with ICS 
in children, especially those with increased BMI [30] and 
that the impairment of the small airways disease may be 
present despite rare and mild asthma symptoms and nor-
mal spirometry in children [31].

Cluster 2 had the highest levels of serum hsCRP (Fig. 2 
and Table  6), which indicates that these patients may 
have higher levels of systemic inflammation and hence, 

poorer disease and treatment outcomes. [32] Moreover, 
cluster 2 patients had a higher proportion of overweight 
and obese patients compared to other clusters (Table 6, 
Fig. 2), which is in concordance with other findings indi-
cating that obesity in asthma is associated with poorer 
disease outcomes and non-responsiveness to treatment 
with ICS. [33, 34] These patients also had higher levels of 
eosinophilic inflammation (eosinophil count) than clus-
ters 3 and 4 but also higher neutrophil count than clus-
ters 1 and 3 (Table  6, Figs.  1 and 2), supporting recent 
findings that obesity in mice is associated with a mixed 
granulocytic inflammation and may contribute to a 
refractory therapeutic response as well as exacerbation of 
disease severity [35].

Cluster 1 was also different from cluster 2 in exhibit-
ing a dominant genotype (AA) and allelic (A allele) effect 
for the rs37973 polymorphism in the GLCCI1 gene, pre-
viously associated with positive treatment outcomes in 
patients using ICS (Table 6). Also, clusters 1 and 3 differ 
from 2 and 4 in rs37973 distribution.

Cluster 3 were somewhat younger than patients in 
clusters 1 and 2 (mean age just under 10 years) but still 
had a relatively later onset of disease (ca. 6 years of age). 

Table 6  Cluster statistics related to relevant clinical, demographic and genetic data, including treatment use at baseline. Ward`s 
Euclidean method, Kruskal- Wallis and χ2 test, p < 0.05. Strong sensitization defined as sIgE to respective allergen of > 17.51 kU/L 
(classes 4–6)

Feature Cluster 1 Cluster 2 Cluster 3 Cluster 4 p value
No of patients N = 58 N = 87 N = 138 N = 64

Strong sensitization to house dust mite (sIgE d1)—No 18 (31.03%) 40 (45.98%) 73 (52.90%) 31 (48.44%)  < 0.05

Strong sensitization to house dust mite (sIgE d1)—Yes 40 (68.97%) 47 (54.02%) 65 (47.10%) 33 (51.56%)  < 0.05

Mean (STD) Mean (STD) Mean (STD) Mean (STD)

% FEV1 predicted at baseline 0.89 (0.20) 0.96 (0.13) 0.82 (0.17) 0.88 (0.15)  < 0.001

% MEF50 predicted at baseline 0.92 (0.22) 1.03 (0.19) 0.79 (0.22) 0.84 (0.24)  < 0.001

FENO at baseline (ppb) 21.5 (23.61) 17.23 (16.15) 23.07 (23.14) 18.59 (13.38)

Age (yrs) 11.79 (3.39) 10.16 (3.82) 9.98 (3.84) 9.61 (3.64)  < 0.01

Height (cm) 153.05 (17.78) 143.9 (19.11) 143.86 (21.12) 142.23 (21.24)  < 0.05

Disease duration (yrs) 5.72 (3.43) 5.08 (3.84) 4.12 (3.8) 3.45 (3.11)  < 0.001

Total IgE (kIU/L) 686.34 (744.36) 421.95 (578.5) 653.9 (1164.19) 484.79 (516.04)

Eosinophil absolute count (Dunger) 419.99 (284.96) 418.71 (347.17) 380.16 (305.29) 377.22 (349.65)

Neutrophil blood count (%) 49.72 (11.26) 50.79 (13.18) 49.57 (12.82) 51.99 (12.96)

hsCRP (mg/L) 2.58 (6.31) 4.02 (14.45) 3.11 (7.52) 2.57 (3.72)

Platelets (× 109/L) 291.09 (86.54) 278.68 (108.14) 283.72 (105.47) 257.7 (105.31)

ICS medium and high doses use from 2nd to 3rd visit, N (%) 30 (51.72%) 32 (36.78%) 51 (36.96%) 38 (59.38%)  < 0.05

SABA use from 2nd to 3rd visit, N (%) 7 (12.07%) 6 (6.90%) 4 (2.90%) 27 (42.19%)  < 0.001

BMI percentile 0–5, N(%) 0 (0) 3 (3.45) 4 (2.9) 3 (4.69)

BMI percentile 5–85, N(%) 47 (81.03) 53 (60.92) 94 (68.11) 46 (71.88)

BMI percentile > 85, N(%) 11 (18.87) 31 (35.63) 40 (28.99) 15 (23.43)

Gene_rs37973—GG 13 (22.41%) 13 (14.94%) 15 (10.87%) 12 (18.75%)  < 0.05

Gene_rs37973—GA 18 (31.03%) 48 (55.17%) 70 (50.72%) 34 (53.12%)  < 0.05

Gene_rs37973—AA 27 (46.55%) 26 (29.89%) 53 (38.41%) 18 (28.12%)  < 0.05
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These patients had the lowest FEV1 and MEF50 at base-
line measured (Tables  5 and 6), which indicates that 
they had the highest improvement in lung function in 
response to treatment. These patients also had a higher 
frequency of the A allele for rs37973, which may contrib-
ute to better responsiveness to ICS (Table 6)  [36]. Hence, 
clusters 1 and 3 have very similar frequencies of alleles 
and genotypes, while clusters 2 and 4 have very similar 
frequencies of alleles and genotypes. Allele A is highly 
overrepresented in cluster 1 and 3 in comparison to 2 

and 4. Cluster 3 was also characterized by higher serum 
total IgE levels (Table 6, Fig. 2), but not with significantly 
higher eosinophil or neutrophil count, which may indi-
cate lower levels of airway inflammation in these patients 
contributing to positive treatment outcomes. Addition-
ally, these patients had the highest levels of FENO at 
baseline (see Table 6, Figs. 1 and 2), which might explain 
their better responsiveness to treatment with ICS [37].

Cluster 4 was the only one characterized by poor 
long-term control-related response. Additionally, these 

Fig. 1  Hierarchical cluster analysis (HCA) of response to treatment with common classes of asthma treatment. N = 347, 12 features used: response 
to treatment according to changes in MEF50, FENO, FEV1 and level of disease control between each respective visit (baseline to 3rd control visit)

Fig. 2  Main discriminants (relevant features) characterizing each outcome (response) clusters/class corresponding to clinical, demographic and 
genetic data at baseline, according to the decision tree algorithm. Ward`s method, p < 0.05, Gini < 0.2. The short/long names for respective variables 
are defined in the supplementary data (Table S4)
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patients had poor treatment outcomes according to 
lung function parameters, in spite of the highest reliever 
medication use and highest rate of medium and high 
ICS doses use of all clusters (Table  5). These patients 
were the youngest (mean age 9.6  years) but also had 
later onset of disease (ca. 6 years of age). They had some-
what lower FEV1 and MEF50 measurements at baseline, 
but still within acceptable physiologic range (Table  6), 
indicating lung function impairment with time. Clus-
ter 4 patients had the highest neutrophil count (Fig.  2, 
Table  6), which has been associated with more severe 
asthma outcomes and, moreover, with non-respon-
siveness to corticosteroids [38]. Additionally, cluster 
4 had lower platelet counts compared to other clusters 
(Table  6). Lower platelet count due to their contribu-
tion to allergic inflammation might be more prominent 
in children [39]. Platelets may also be involved in more 
extensive airway remodeling, as well as in the develop-
ment of steroid-refractory asthma, since ICS do not 
affect platelet function [40].

Although a number of clustering studies have per-
formed unbiased statistically based analyses on large 
cohorts of patients involving a wide range of clinical 
variables, they have been limited in the terms of clini-
cal characteristics they have used to identify different 

phenotypes and still do not provide much insight into 
the underlying disease mechanisms [2]. Additionally, 
different methods employed in these studies have been 
shown to yield different results in cluster assignments, 
especially in different populations [41, 42]. To the best 
of our knowledge, this is the first study focusing on 
treatment outcome patterns and response to treatment 
in children and the pathophysiological mechanisms 
underlying such outcomes. To date, only one study has 
focused on long-term treatment outcomes in 3 inde-
pendent cohorts (including pediatric patients) [15]. A 
limitation of the present study is that these findings 
may very well be population-specific. The study popu-
lation was very homogeneous (mostly milder disease 
forms, mostly atopic, ethnically homogeneous), which 
was an advantage in identifying genetic traits associated 
with treatment response patterns, but a disadvantage in 
identifying clear disease phenotypes. Also, since some 
children with asthma are known to “switch” pheno-
types during the course of their disease, it is not certain 
whether these results reflect a current state (transient 
phenotype) or a stable sum of clinical manifestations 
and disease traits underlying specific (long-term) treat-
ment outcome patterns [43]. Additionally, the treatment 
outcome assessment period may have been too short to 

Fig. 3  A schematic representation of the main characteristics of the 4 clusters identified in this study. Clusters 1 and 3 seem to have a more positive 
pattern of treatment outcomes and were characterized by more prominent atopic markers and a predominant allelic (A) effect for rs37973, a 
polymorphism in the GLCCI1 gene, and with a relatively later onset of disease. Clusters 2 and 4 had poorer treatment success patterns and were 
characterized by higher levels of airway and systemic inflammation and comorbidities, but varied in the type of inflammation (predominantly 
neutrophilic for cluster 4 and mixed-type for cluster 2) and platelet count (lowest for cluster 4). Cluster 2 was the only one with relatively earlier 
onset of asthma (5 years of age)
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reflect any biologically significant effects, especially on 
complex traits such as lung function changes in response 
to treatment. On the other hand, the latest control-based 
GINA guidelines suggest treatment response review 
every 3–6  months and longer-term assessment (such 
as the one in this study) will minimize possible random 
effects when focusing on shorter periods of treatment 
use. Although the total number of variables used in this 
study was large (N = 280), surely not all clinically signifi-
cant traits were encompassed and additionally, we could 
only infer on certain pathophysiologic mechanisms 
indirectly. We did not use direct biomarkers of airway 
inflammation, such as induced sputum or bronchoal-
veolar lavage (BAL), but in pediatric cohorts minimally 
invasive procedures are an absolute prerequisite. This 
is why we used surrogate biomarkers- blood eosinophil 
and neutrophil count as well as FENO level. Recent find-
ings suggest that blood eosinophil count is a simple and 
valid biomarker in the management of asthma, reliably 
predicting future risk of exacerbations and treatment 
response [44]. Additionally, the sample size in certain 
subgroups (clusters) might be small, preventing more 
detailed phenotype characterization.

Conclusion
We have identified 4 distinct response clusters vary-
ing in treatment outcomes according to lung function, 
airway inflammation and disease control parameters 
and duration of treatment, briefly presented in Fig. 3.

The results of this study underpin the issues in asthma 
treatment and management due to the overgeneralized 
approach to the disease, not taking into account spe-
cific disease phenotypes in children. The cohort will be 
followed up additionally, both for cluster (phenotype) 
stability and transitions as well as to compare (confirm) 
these findings in other age groups and populations. Fur-
ther characterization of specific disease phenotypes is 
essential, involving larger numbers of patients, multi-
centric, longitudinal and prospective studies and even 
more clinically relevant parameters. Additionally, it is 
of high importance to distinguish between meaningful 
asthma subtypes at a population and individual patient 
level, and to identify specific mechanisms and novel 
endotypes involved in the disease presentation in order 
to develop personalized treatment as well as prevention 
strategies. This will aid in developing complex prediction 
models which will stratify patients according to their spe-
cific disease traits and risk for treatment failure, poten-
tially establishing novel and better therapeutic options 
and enabling full quality of life for patients with asthma.

Abbreviations
AD: Atopic dermatitis; ADRB2: Beta-2 adrenergic receptor; AR: Allergic rhinitis; 
BMI: Body mass index; CRHR1: Corticotropin Releasing Hormone Recep-
tor 1; ENT: Ear/nose/throat; FENO: Fraction of exhaled nitric oxide; FEV1: 
Forced expiratory volume in one second; FVC: Forced vital capacity; GERD: 
Gastroesophageal reflux disease; GINA: Global Initiative for Asthma; GLCCI1: 
Glucocorticoid Induced 1; HDM: House dust mite; hsCRP: High-sensitivity 
C-reactive protein; ICS: Inhaled corticosteroids; IgE: Immunoglobulin E; LABA: 
Long-acting beta agonists; LOAC: Level of asthma control; LPR: Laryn-
gopharyngeal reflux; LTRA​: Leukotriene receptor antagonists; MCID: Minimal 
clinically important difference; MEF50: Maximal Expiratory Flow at 50%; MMP9: 
Matrix metalloproteinase-9; NO: Nitric oxide; OSAS: Obstructive sleep apnoea 
syndrome; ppb: Parts per billion; SNP: Single nucleotide polymorphism; SPT: 
Skin prick test; TBX21: T-box 21; Th2: T-helper 2.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s40733-​021-​00077-x.

Additional file 1. 

Additional file 2. 

Acknowledgements
Not applicable.

Authors’ contributions
I.B. collected the data, performed the experiments and wrote the manuscript. 
M.L. performed the ML analysis and wrote the manuscript. G.C. performed a 
part of the ML analysis. M.R. designed the genetic analysis. P.K., R.K. and M.T. 
designed the study, supervised and participated in writing the manuscript. 
M.T. also enrolled the participants into the study. All authors read and 
approved the final manuscript.

Funding
The Know‐Center is funded within the Austrian COMET Program – Compe-
tence Centers for Excellent Technologies – under the auspices of the Austrian 
Federal Ministry of Transport, Innovation and Technology, the Austrian Federal 
Ministry of Economy, Family and Youth and by the State of Styria. COMET is 
managed by the Austrian Research Promotion Agency FFG.

Availability of data and materials
Not applicable.

Declarations

Ethics approval and consent to participate
The study protocol was approved by the local Ethics Committee at Srebrnjak 
Children`s Hospital, Zagreb, Croatia. Informed consent was obtained from the 
children’s parents/legal guardians.

Consent for publication
All authors have read the manuscript and consent to publish it.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Srebrnjak Children’s Hospital, Srebrnjak 100, 10000 Zagreb, Croatia. 
2 Know-Center, Infeldgasse 13, Graz AT‑8010, Austria. 3 Institute of Interactive 
Systems and Data Science, Graz University of Technology, Inffeldgasse 16C, 
AT‑8010 Graz, Austria. 4 University Clinic of Respiratory and Allergic Diseases 
Golnik, Golnik 36, 4204 Golnik, Slovenia. 5 Faculty of Medicine, J.J, Strossmayer 
University of Osijek, Josipa Huttlera 4, 31000 Osijek, Croatia. 6 Catholic Univer-
sity of Croatia, Ilica 242, 10000 Zagreb, Croatia. 

https://doi.org/10.1186/s40733-021-00077-x
https://doi.org/10.1186/s40733-021-00077-x


Page 10 of 11Banić et al. asthma res and pract            (2021) 7:11 

Received: 11 March 2021   Accepted: 18 July 2021

References
	1.	 Turkalj M, Erceg D. Terapijski Pristup Astmi U Djece. Medicus. 

2013;22:49–56.
	2.	 Gauthier M, Ray A, Wenzel SE. Evolving Concepts of Asthma. Am J Respir 

Crit Care Med. 2015;192:660–8.
	3.	 Siroux V, González JR, Bouzigon E, Curjuric I, Boudier A, Imboden M, et al. 

Genetic heterogeneity of asthma phenotypes identified by a clustering 
approach. Eur Respir J European Respiratory Society. 2014;43:439–52.

	4.	 Wu W, Bleecker E, Moore W, Busse WW, Castro M, Chung KF, et al. Unsu-
pervised phenotyping of Severe Asthma Research Program participants 
using expanded lung data. J Allergy Clin Immunol. 2014;133:1280–8.

	5.	 Moore WC, Meyers DA, Wenzel SE, Teague WG, Li H, Li X, et al. Identifica-
tion of Asthma Phenotypes using Cluster Analysis in the Severe Asthma 
Research Program.

	6.	 Haldar P, Pavord ID, Shaw DE, Berry MA, Thomas M, Brightling CE, et al. 
Cluster Analysis and Clinical Asthma Phenotypes. Am J Respir Crit Care 
Med [Internet]. 2008;178:218–24. Available from: https://​doi.​org/​10.​1164/​
rccm.​200711-​1754OC. [cited 2020 Jan 23].

	7.	 Kim T-B, Jang A-S, Kwon H-S, Park J-S, Chang Y-S, Cho S-H, et al. Identifica-
tion of asthma clusters in two independent Korean adult asthma cohorts. 
Eur Respir J. 2013;41:1308–14.

	8.	 Qiu R, Xie J, Chung KF, Li N, Yang Z, He M, et al. Asthma Phenotypes 
Defined From Parameters Obtained During Recovery From a Hospital-
Treated Exacerbation. J Allergy Clin Immunol Pract. 2018;6:1960–7.

	9.	 Howrylak JA, Fuhlbrigge AL, Strunk RC, Zeiger RS, Weiss ST, Raby BA, et al. 
Classification of childhood asthma phenotypes and long-term clinical 
responses to inhaled anti-inflammatory medications. J Allergy Clin Immu-
nol. 2014;133(1289–300):1300.e1-12.

	10.	 Loza MJ, Djukanovic R, Chung KF, Horowitz D, Ma K, Branigan P, et al. 
Validated and longitudinally stable asthma phenotypes based on cluster 
analysis of the ADEPT study. Respir Res. BioMed Central; 2016;17:165.

	11.	 Su M-W, Lin W-C, Tsai C-H, Chiang B-L, Yang Y-H, Lin Y-T, et al. Childhood 
asthma clusters reveal neutrophil-predominant phenotype with distinct 
gene expression. Allergy. 2018;73:0–3.

	12.	 Chung KF, Adcock IM. Clinical phenotypes of asthma should link up 
with disease mechanisms [Internet]. Curr Opin Allergy Clin Immunol. 
2015 p. 56–62. Available from: http://​journ​als.​lww.​com/​00130​832-​20150​
2000-​00009

	13.	 Szefler SJ, Phillips BR, Martinez FD, Chinchilli VM, Lemanske RF, 
Strunk RC, et al. Characterization of within-subject responses to 
fluticasone and montelukast in childhood asthma. J Allergy Clin 
Immunol. 2005;115:233–42.

	14.	 Global Initiative for Asthma. Global Strategy for Asthma Management 
and Prevention, 2020. [Internet]. 2020. Available from: http://​www.​ginas​
thma.​org/

	15.	 Chang TS, Lemanske RF, Mauger DT, Fitzpatrick AM, Sorkness CA, Szefler 
SJ, et al. Childhood asthma clusters and response to therapy in clinical 
trials. J Allergy Clin Immunol. 2014;133:363-369.e3.

	16.	 Lovrić M, Banić I, Lacić E, Pavlović K, Kern R, Turkalj M. Predicting Treat-
ment Outcomes Using Explainable Machine Learning in Children with 
Asthma. Children [Internet]. Multidisciplinary Digital Publishing Institute; 
2021. Available from: https://​www.​mdpi.​com/​2227-​9067/8/​5/​376.

	17.	 Pellegrino R, Viegi G, Brusasco V, Crapo RO, Burgos F, Casaburi R, 
et al. Interpretative strategies for lung function tests. Eur Respir J. 
2005;26:948–68.

	18.	 Reddel HK, Taylor DR, Bateman ED, Boulet L-P, Boushey HA, Busse WW, 
et al. An Official American Thoracic Society/European Respiratory Society 
Statement: Asthma Control and Exacerbations. Am J Respir Crit Care Med. 
2009;180:59–99.

	19.	 Dweik RA, Boggs PB, Erzurum SC, Irvin CG, Leigh MW, Lundberg JO, et al. 
An Official ATS Clinical Practice Guideline: Interpretation of Exhaled Nitric 
Oxide Levels (F e NO) for Clinical Applications. Am J Respir Crit Care Med. 
2011;184:602–15.

	20.	 Smith AD, Cowan JO, Brassett KP, Herbison GP, Taylor DR. Use of Exhaled 
Nitric Oxide Measurements to Guide Treatment in Chronic Asthma. N 
Engl J Med [Internet]. 2005;352:2163–73. [cited 2020 Jan 23]. Available 

from: http://​www.​nejm.​org/​doi/​abs/https://​doi.​org/​10.​1056/​NEJMo​
a0435​96.

	21.	 de Jongste JC. Yes to NO: the first studies on exhaled nitric oxide-
driven asthma treatment. Eur Respir J European Respiratory Society. 
2005;26:379–81.

	22.	 Quinlan JR. Induction of decision trees. Mach Learn. 1986;1:81–106. 
https://​doi.​org/​10.​1007/​BF001​16251.

	23.	 Podgorelec V, Kokol P, Stiglic B, Rozman I. Decision trees: an overview and 
their use in medicine. J Med Syst. 2002;26:445–63.

	24.	 Breiman L. Random Forests. Mach Learn. 2001;45:5–32.
	25.	 Havaš Auguštin D, Šarac J, Lovrić M, Živković J, Malev O, Fuchs N, 

et al. Adherence to Mediterranean diet and maternal lifestyle during 
pregnancy: island-mainland differentiation in the CRIBS birth cohort. 
Nutrients [Internet]. MDPI AG. 2020;12:2179. [cited 2020 Jul 27]. Available 
from: https://​www.​mdpi.​com/​2072-​6643/​12/8/​2179.

	26.	 Lovrić M, Pavlović K, Žuvela P, Spataru A, Lučić B, Kern R, et al. Machine 
learning in prediction of intrinsic aqueous solubility of drug-like com-
pounds: Generalization, complexity, or predictive ability? J Chemom 
[Internet]. 2021;e3349. [cited 2021 May 7]. Available from: https://​analy​
tical​scien​cejou​rnals.​onlin​elibr​ary.​wiley.​com/​doi/, https://​doi.​org/​10.​1002/​
cem.​3349.

	27.	 Lee YK, Yang S, Park J, Kim H, Hahn YS. House dust mite-specific immu-
noglobulin e and longitudinal exhaled nitric oxide measurements in 
children with atopic asthma. Korean J Pediatr Korean Pediatric Society. 
2015;58:89–95.

	28.	 Gaffin JM, Phipatanakul W. The role of indoor allergens in the develop-
ment of asthma. Curr Opin Allergy Clin Immunol. 2009;9:128–35.

	29.	 Hamid Q, Tulic MK. New insights into the pathophysiology of the 
small airways in asthma. Ann Thorac Med Medknow Publications. 
2007;2:28–33.

	30.	 Ye Z-H, Huang Y, Wang Y. Wang D-J [Association between body mass 
index and lung function in children with asthma after corticosteroids 
inhalation]. Zhongguo Dang Dai Er Ke Za Zhi. 2013;15:983–6.

	31.	 Singer F, Abbas C, Yammine S, Casaulta C, Frey U, Latzin P. Abnor-
mal Small Airways Function in Children With Mild Asthma. Chest. 
2014;145:492–9.

	32.	 Monadi M, Firouzjahi A, Hosseini A, Javadian Y, Sharbatdaran M, Heidari B. 
Serum C-reactive protein in asthma and its ability in predicting asthma 
control, a case-control study. Caspian J Intern Med. 2016 Winter;7(1): 
37–42.

	33.	 Mohanan S, Tapp H, McWilliams A, Dulin M. Obesity and asthma: Patho-
physiology and implications for diagnosis and management in primary 
care. Exp Biol Med. 2014;239:1531–40.

	34.	 Dixon AE, Holguin F, Sood A, Salome CM, Pratley RE, Beuther DA, et al. 
An Official American Thoracic Society Workshop Report: Obesity and 
Asthma. Proc Am Thorac Soc. 2010;7:325–35.

	35.	 Silva FMC, Oliveira EE, Gouveia ACC, Brugiolo ASS, Alves CC, Correa JOA, 
et al. Obesity promotes prolonged ovalbumin-induced airway inflamma-
tion modulating T helper type 1 (Th1), Th2 and Th17 immune responses 
in BALB/c mice. Clin Exp Immunol. 2017;189:47–59.

	36.	 Tantisira KG, Lasky-Su J, Harada M, Murphy A, Litonjua AA, Himes BE, et al. 
Genomewide Association between GLCCI1 and Response to Glucocorti-
coid Therapy in Asthma. N Engl J Med. 2011;365:1173–83.

	37.	 Price DB, Buhl R, Chan A, Freeman D, Gardener E, Godley C, et al. 
Fractional exhaled nitric oxide as a predictor of response to inhaled 
corticosteroids in patients with non-specific respiratory symptoms and 
insignificant bronchodilator reversibility: a randomised controlled trial. 
Lancet Respir Med. 2018;6:29–39.

	38.	 Ray A, Kolls JK. Neutrophilic Inflammation in Asthma and Association 
with Disease Severity. Trends Immunol. 2017;38:942–54.

	39.	 Kowal K, Pampuch A, Kowal-Bielecka O, DuBuske LM, Bodzenta-Lukaszyk 
A. Platelet activation in allergic asthma patients during allergen challenge 
with Dermatophagoides pteronyssinus. Clin Exp Allergy. 2006;36:426–32.

	40.	 Takeda T, Morita H, Saito H, Matsumoto K, Matsuda A. Recent advances in 
understanding the roles of blood platelets in the pathogenesis of allergic 
inflammation and bronchial asthma [Internet]. Allergol Int Japanese 
Society of Allergology. 2018;326–33. Available from:  http://​www.​ncbi.​
nlm.​nih.​gov/​pubmed/​29242​144. [cited 2020 Mar 2].

	41.	 Prosperi MCF, Sahiner UM, Belgrave D, Sackesen C, Buchan IE, Simpson A, 
et al. Challenges in Identifying Asthma Subgroups Using Unsupervised 
Statistical Learning Techniques. Am J Respir Crit Care Med [Internet]. 

https://doi.org/10.1164/rccm.200711-1754OC
https://doi.org/10.1164/rccm.200711-1754OC
http://journals.lww.com/00130832-201502000-00009
http://journals.lww.com/00130832-201502000-00009
http://www.ginasthma.org/
http://www.ginasthma.org/
https://www.mdpi.com/2227-9067/8/5/376
http://www.nejm.org/doi/abs/
https://doi.org/10.1056/NEJMoa043596
https://doi.org/10.1056/NEJMoa043596
https://doi.org/10.1007/BF00116251
https://www.mdpi.com/2072-6643/12/8/2179
https://analyticalsciencejournals.onlinelibrary.wiley.com/doi/
https://analyticalsciencejournals.onlinelibrary.wiley.com/doi/
https://doi.org/10.1002/cem.3349
https://doi.org/10.1002/cem.3349
http://www.ncbi.nlm.nih.gov/pubmed/29242144
http://www.ncbi.nlm.nih.gov/pubmed/29242144


Page 11 of 11Banić et al. asthma res and pract            (2021) 7:11 	

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

2013;188:1303–12. Available from: http://​www.​atsjo​urnals.​org/​doi/​
abs/, https://​doi.​org/​10.​1164/​rccm.​201304-​0694OC

	42.	 Horne E, Tibble H, Sheikh A TA. Challenges of Clustering Multimodal 
Clinical Data: Review of Applications in Asthma Subtyping. JMIR Med 
Informatics. 2020;8:e16452.

	43.	 Kim M-H, Kim T-B. Implication of Cluster Analysis in Childhood Asthma. 
Allergy, Asthma Immunol Res. 2021;13:1–4.

	44.	 Gibson PG. Variability of blood eosinophils as a biomarker in asthma and 
COPD. Respirology. 2018;23:12–3.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

http://www.atsjournals.org/doi/abs/
http://www.atsjournals.org/doi/abs/
https://doi.org/10.1164/rccm.201304-0694OC


Supporting information

Supporting materials for Banić et al, 2021.

Contents

Observational study description......................................................................................................1

Inclusion.......................................................................................................................................2

Exclusion criteria.........................................................................................................................3

Follow up.....................................................................................................................................4

Assessments.................................................................................................................................4

Potential bias................................................................................................................................5

Diagnostic data description..............................................................................................................5

Assessment and biochemistry......................................................................................................5

Genetic analysis...........................................................................................................................6

Definition of response to treatment variables..............................................................................8

Data preprocessing.........................................................................................................................10

Table..............................................................................................................................................11

Supplement literature.....................................................................................................................23



Observational study description

The controlled and observational (non-interventional) 24-months study with prospective cohort

designs  and  longitudinal  data  collection  (data  collected  on  average  every  6  months)  was

performed  in  pediatric  patients  with  physician  established  diagnosis  of  asthma.  The  routine

standardized follow-up assessments of all patients included - First patient (or study subject), First

Visit (FPFV): 1 month after the beginning of the study - Last Patient (or study subject), First

Visit: 1-6 months - Last Patient (or study subject),  Last Visit:  24-30 months - End of Study

Including follow up and data analysis); 30 months. The study size was estimated at 400, with a

dropout rate after the 24-month follow-up period being ca. 10% (N=365).

Inclusion

The study includes patients who signed informed consent, i.e. agreed to participate in a clinical

study and meet the criteria for inclusion.  Criteria  for inclusion were assessed by a specialist

physician (pediatric allergy or pulmonology specialist). The children were enrolled in the study

after  their  legal  guardians  have  read,  agreed to,  and signed the  informed  consent  form.  All

children older than 12 as well as adolescents were enrolled in the study after signing the inform

consent, as well. The subjects were assessed for inclusion and exclusion criteria on first study

visit after signing the informed consent. Patients involved in the study used their regular therapy

(according to guidelines) i.e. conduct treatment and all other non-therapeutic measures as if they

were not involved in the study (real life study). Any deterioration or emergency interventions

were evaluated and recorded as additional visits. The new therapies were not applied to study

patients during the observational period and the patients continued with their standard therapy



(according to GINA guideline) as if they were not included in the study. The patients with a

clinical diagnosis of asthma (according to ERS/ATS guidelines) for at least one year [1], being

on a stable dose of anti-inflammatory treatment for at least one month with partially controlled or

uncontrolled  asthma according  to  GINA guidelines  were  recruited  from the  SCH outpatient

clinic during their regular visit to the clinic (real life study). Additional inclusion criteria were

clinically significant allergy to indoor and outdoor allergens, with positive skin prick test (SPT)

and  specific  IgE  levels  (>0.7kUA/L).  SPT  was  performed  to  a  standard  palette  of  inhaled

allergens  containing:  birch,  grass  pollen,  mugwort,  Ambrosia  elatior,  Dermatophagoides

pteronyssinus  (Der  p),  Dermatophagoides  Farinae  (Der  f),  dog,  cat,  hazel,  Cladosporium,

Alternaria negative control and histamine (Allergopharma, Reinbek, Germany).

Additionally,  if indicated,  patients underwent SPT to food allergens: eggs, cow's milk, wheat

flour,  soy,  peanut,  fish,  nuts  and sesame,  as well  as  other  food allergens  (if  indicated).  The

interpretation of skin prick test results (based on the guidelines of the European Academy of

Allergy  and  Clinical  Immunology  were  made  after  approximately  15–20 min  in  relation  to

positive (the histamine dihydrochloride at a concentration of 1.0 mg/ml) and negative control

(saline). The diameter of urtica or wheal diameter of at least 3 mm was considered a positive

result, according to the EAACI recommendation. [2] Allergen solutions were tested on the volar

surface of the forearm using 1mm prick lancets. The SPT was not repeated if the respondent had

a test finding that was not older than one year.  

Exclusion criteria 

Exclusion  criteria  for  adolescents  were:  acute  respiratory  infection,  use  of  systemic

corticosteroids, recent asthma-related visit to emergency department (in the past three weeks)



and coexistence  of other serious chronic illness.  Exclusion criteria  for school children  were:

known inborn or perinatal pulmonary disease; pulmonary malformation; oxygen therapy after

birth with a duration of more than 24 h; ventilator support or mechanical ventilation after birth;

diagnosis  of  cystic  fibrosis;  primary  ciliary  dyskinesia;  heart  failure  diagnosed  after  birth

affecting pulmonary circulation; major respiratory diseases such as e.g. interstitial lung disease.

Moreover, children were excluded from study visits and biomaterial collection in the case of

fever of at least 38.5 °C during the last two weeks prior to the planned visit. 

Follow up

All patients were regularly followed up on average every 6 months and regularly controlled even

more often if  they had a  history of exacerbations.  Lung function testing,  FENO and asthma

control (including C-ACT score, if available- N= 158) were recorded and assessed at every visit.

Assessments 

The childhood asthma control test (C-ACT) is a brief, patient-administered asthma assessment

tool that helps healthcare professionals quickly and effectively assess asthma control in patients.

It was clinically validated by assessment and spirometry and is able to detect changes in asthma

control over time to help determine whether or not a patient’s current treatment plan is working.

It consists of seven questions, with a minimum score of 0 and maximum of 27. Higher score

represents better level of control. The cutoff value of 19 points represents inadequate asthma

control. Lung function (school aged children) by standard spirometry was performed according

to  the  ATS/ERS  spirometry  standards.  We  measured  forced  vital  capacity  (FVC),  forced

expiratory volume at the first second (FEV1), FEV1/FVC ratio and mid forced expiratory flow



(FEF25-75)  and  express  values  as  absolute  ones  and  as  percentage  of  the  predicted  values

according to Quanjer.  FENO (for school age children and adults).  Fraction of exhaled nitric

oxide  (FENO)  was  measured  using  a  chemiluminescence  analyzer  (NIOX  or  MEDISOFT

analyzer)  during a single-breath exhalation according to the ERS/ATS recommendations at a

flow rate of 50 mL/sec. 

Potential bias

Potential bias included overrepresentation of one gender (male) since childhood asthma is more

common  in  boys.  During  the  recruitment  procedure,  children  were  included  in  the  study

regardless of their gender, if they met the inclusion criteria.  Additionally,  to avoid under- or

over-estimation of the disease diagnosis and state (disease severity and control), the recruitment

was performed by experienced clinicians (allergy specialist with 15+ years of experience in the

field). Although children of all age groups (3-18) were recruited to the study if they met the

inclusion criteria, a diagnosis of asthma was difficult to establish in young children (wheeze,

transient  wheeze  and other  differential  diagnoses),  a  potential  bias  is  underrepresentation  of

younger children (up to 5 years of age).



Diagnostic data description

Assessment and biochemistry

At  their  first  visit  patients  underwent  physical  examination,  anthropometric  measurements

(height and weight for calculation of BMI and BMI percentiles), along with a standard battery of

diagnostics procedures and measurements to establish a diagnosis of asthma. These included skin

prick  tests  for  common allergens  (list  in  supplementary  data),  lung function  tests  (including

airway  challenge  tests,  if  applicable)  and  blood  sampling  for  routine  laboratory  diagnostics

(hematology, biochemistry and allergy assays- total and allergen- specific IgE). In order to assess

the level and type of both systemic and local inflammation, certain inflammatory biomarkers

were measured at baseline in all participants, including fractional exhaled nitric oxide (FENO),

high-sensitive C-reactive protein (hsCRP) as well as certain inflammatory cell counts, such as

eosinophils and neutrophils. [3,4] In order to identify additional conditions that might affect and

aggravate the underlying disease (and asthma control), the participants were tested for common

asthma comorbidities, such as gastroesophageal reflux disease (GERD), obstructive sleep apnea

syndrome (OSAS) as well as allergic rhinitis and atopic dermatitis,  including anamnesis data

taken  from  the  child`s  parents.  [5,6] Peripheral  whole  blood  samples  were  collected  by

venipuncture into EDTA coated vacutainers (for hematology analyses) and into vacutainers with

clot activator and gel for serum separation (for biochemistry and certain allergy assays). During

this study a total of 10,5 ml peripheral blood samples per participant maximum was collected at

baseline visit (recruitment point). The remainder of blood samples (in EDTA coated vacutainers)

and sera left over after diagnostic tests was stored at -20°C for subsequent analyses, including

genotyping.



Genetic analysis

All  genetic  loci  analysed  in  this  study  were  chosen  due  to  their  previous  association  with

treatment  outcomes  in  patients  with asthma (and childhood asthma,  where applicable)  in  an

effort of replicating these associations.

Genomic  DNA  was  extracted  from  EDTA-containing  peripheral  whole  blood  samples,

previously stored at  -20°C, using QIAamp DNA Blood Mini Kit  (Qiagen GmbH, Germany)

according  to  the  manufacturer’s  instructions,  by  an  automated  (Qiacube,  Qiagen  GmbH,

Germany) or manual  spin protocol.  The quality  and concentration  of each DNA isolate  was

checked using a NanoDrop™ 2000 spectrophotometer (ThermoFisher Scientific Inc., USA). The

genotypes of the SNPs analyzed were determined using a 5`-nuclease allelic discrimination assay

in a 96-well format and Taqman technology. Primers and probes were purchased from Applied

Biosystems  (Life  Technologies,  USA)  for  SNP  genotyping  assays  rs37973  in  GLCCI1,

rs9910408 in TBX21 and rs242941 and rs1876828 in CRHR1, as well as rs1042713 in ADRB2.

Allelic discrimination assays were performed in 5 μL reaction volumes, using approximately 5

ng  of  DNA  as  a  template,  2x  TaqMan  Fast  Advanced  Master  Mix,  and  predesigned  SNP

genotyping  assays  provided  by  Applied  Biosystems  for  rs37973,  rs9910408,  rs242941  and

rs1876828. Temperature conditions for qPCR were set at 50°C for 2 minutes and 95°C for 20

seconds, followed by 40 cycles at 95°C for 3 seconds and at 60°C for 30 seconds. For rs17576

SNP (MMP9) genotyping a primer and probe set were designed using a free online software

qPCR primer  &  probe  design  tool  and  design  service  (Eurofins  Genomics,  Germany).  The

forward and reverse primer as well as probes sequences are presented in Table 1.



Table S1. Primers (forward and reverse) and probes (allele 1 and allele 2) design for rs17576

genotyping assay (MMP9 Gln279Arg, A/G transition detection). FWD- forward primer, REV-

reverse primer, Allele 1 PR- probe for SNP allele 1, Allele 2 PR- probe for SNP allele 2, bp-

base pairs (length of sequence in base paris), reporter- fluorescent dye, quencher- fluorescent dye

quencher pair. For probe sequences nucleotides highlighted in red denote the ambiguity position

(transition).

Oligonucleotide type Length

(bp)

Sequence Reporter/quencher

MMP9  Gln279Arg  FWD

primer

19 TCCCCCTTTCCCACATCCT  

MMP9  Gln279Arg  REV

primer

21 CAGGGTTTCCCATCAGCAT

TG

 

MMP9 Gln279Arg Allele 1

PR

17 CTCTACACCCAGGACGG VIC-BHQ1

MMP9 Gln279Arg Allele 2

PR

17 TCTACACCCGGGACGG FAM-BHQ1

Allelic  discrimination  assays  for  rs1042713 and rs17576 was  performed in  12.5  μl  reaction

volume, using approximately 5 ng of DNA template (2x Brilliant III Ultra-Fast QPCR Master

Mix (Agilent Technologies, USA), 100 mM of primer set (forward and reverse) and 10 mM of

probes, with qPCR conditions as follows: 50°C for 2 minutes and 95°C for 10 minutes, followed

by 40 cycles at 95°C for 15 seconds and at 60°C for 1 minute. 

Genotyping of the amplified PCR products was determined by differences in VIC and FAM

fluorescent levels, using the ABI Prism 7500 Fast Real-Time PCR system (system instrument



equipped with SDS v2.0.5 software, Applied Biosystems, ThermoFisher Scientific Inc., USA)

for rs37973, rs9910408, rs242941 and rs1876828 and using the Agilent AriaMX Real-Time PCR

system (system instrument equipped with AriaMx software v1.0, Agilent Technologies, USA)

for rs1042713 and rs17576.

Genotyping results

Genotype distribution (frequency) for each genetic polymorphism is shown in Figure s1. All

participants were successfully genotyped for rs37973, rs9910408, rs242941. For rs1042713 and

rs17576 genotype data was missing for 1 and 19 participants, respectively, due to insufficient

DNA extract material or degraded DNA samples in subsequent/ repeated analysis. Genotyping

was performed at the Srebrnjak Children`s Hospital in Zagreb, Croatia in 2 batches on 2 different

platforms.

Figure S1. Genotype frequency (%) for respective genetic polymorphisms: rs37973, rs9910408,

rs242941, rs1876828, rs1042713 and rs17576. For rs37973, rs9910408, rs242941 and rs1876828

N=365, for rs1042713 N=364 and for rs17576 N=346.

Consistency  with  the  Hardy-  Weinberg  equilibrium (HWE)  for  each  genetic  polymorphism,

along with global and population-specific minor allele frequency (MAF) is presented in Table

14.



Table S2. HWE consistency for genotype frequencies for rs37973, rs9910408, rs242941, rs1876828, rs1042713 and rs17576. 2- chi-

squared value, p< 0.05 consistent with HWE. Global and population specific (Central European) MAF according to NCBI dbSNP

(https://www.ncbi.nlm.nih.gov/SNP/). HWE- Hardy-Weinberg equilibrium, MAF- minor allele frequency, CEU- Central European,

reference population. Calculated using Michael H. Court's (2005-2008) online calculator.

Genotype

rs37973 rs9910408 rs242941 rs1876828 rs1042713 rs17576
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d
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d

Observe

d

Expecte

d

Observe
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Expecte

d

Observe

d

Expecte

d

Observe

d

Expecte

d
Homozygot

e reference

130 130.2 103 106.9 150 155.2 270 270.1 113 88.0 50 83.0

Heterozygo

te

176 175.6 189 181.3 176 165.6 88 87.7 132 182.0 239 172.9

Homozygot

e variant

59 59.2 73 76.9 39 44.2 7 7.1 119 94.0 57 90.0

Variant

allele

frequency

0.40 0.46 0.35 0.14 0.51 0.51

 0.002 0.664 1.433 0.003 27.433 50.508

p (1 degree

of

freedom)

0.965 0.415 0.231 0.956 0.000 0.000



Global

MAF

0.396 0.384 0.323 0.086 0.476 0.456

CEU MAF 0.442 0.456 0.282 0.240 0.358 0.381



Definition of response to treatment variables

Table S3. Detailed explanation of how each response to treatment variable was defined. 

Lung

function

Poor response to treatment according to changes in FEV1 was defined as a

decrease in FEV1 predicted (for children of certain age, gender and posture)

by  10%  or  more  between  clinical  visits/follow-ups  (≤10%).  Moderate

response to  treatment  according  to  changes  in  FEV1 was  defined  as  a

relative change in FEV1 predicted by ±9% and good response to treatment

was defined as  an increase  in  FEV1 predicted  by 10% or  more (≥10%)

between clinical assessments/follow-ups. 

Poor response to treatment according to changes in MEF50 was defined as

a  decrease  in  MEF50 predicted  by  15%  or  more  (≤15%);  moderate

response was defined as a relative change in MEF50 predicted by ±14% and

good response to treatment was defined as an increase in MEF50 predicted

by 15% or more (≥15%) between clinical visits/follow-ups. 

Airway

inflammation

We  used  cut-off  points  rather  than  reference  values  when  interpreting

FENO levels.  Poor response to treatment was defined as an increase in

FENO greater than 20% for values over 35 (50 for patients older than 18

years) ppb or more than 10 ppb for values lower than 35 (50) ppb between

clinical visits. A reduction of at least 20% in FENO for values over 35 (50)

ppb or more than 10 ppb for values lower than 35 (50) ppb was defined as



the  cut-off  point  to  indicate  a  significant  (good)  response to  anti-

inflammatory treatment.  Moderate response to treatment was defined as

changes in FENO values ranging from a reduction of ≤20% and increase

≤20% for FENO values over 35 (50) ppb and ±10 ppb for values lower than

35 (50) ppb from one visit to the next.

Asthma

control

The level of asthma control between clinical visits was assessed according

to GINA guidelines: symptom occurrence (including nocturnal symptoms),

need  for  reliever  medications,  number  and  severity  of  asthma

exacerbations,  lung  function  and  Asthma  Control  Test  (ACT),  where

applicable.  The  level  of  control  was  defined as  either  controlled,  partly

controlled  or  uncontrolled,  whereas  poor response to  treatment  was

defined as deterioration in asthma control between visits,  good response

was defined as improvement in asthma control and moderate response was

defined as no changes in partial asthma control between clinical visits, with

the exception of the patient having uncontrolled asthma from visit to visit,

which was considered a poor response or good response to treatment, when

the patient had controlled asthma between visits.

Data preprocessing

All  operations  on  data  were  performed  either  in  R  (https://www.r-project.org/)  and  Python

(https://www.python.org/). Preprocessing, explorative analysis, feature selection and predictive

models were done with the Python libraries pandas [7] , numpy [8] and scikit-learn [9]. Plotting

https://www.r-project.org/
https://www.python.org/


was  done  using  the  libraries  seaborn  [10] and  matplotlib  [11].  At  the  4th  control  visit,  a

significant proportion of the dataset had missing values due to the fact that not all patients were

followed up to the 4th control visit (ca. 2 years after recruitment) or dropped out of the study.

Some features  had missing values  due to  patients`  lack  of  cooperation  (e.g.  patient  was too

young  to  cooperate  for  lung  function  or  FENO  measurement)  or  there  was  insufficient

blood/serum sample to perform certain biochemical tests. Rare which had missing values up to

the 3rd control visit were imputed by their respective median for continuous features or mode for

discrete features.  The data was divided into treatment periods, i.e. baseline, first,  second and

third control  visit.  Features  containing  string notations  (e.g.  drug prescribed or genetic  data)

where  numerically  encoded  and  subsequently  one-hot  encoded.  Features  describing  allergic

sensitization were converted to binary or ordinal features, and the binary values were summed

into  in  4 clinically  relevant  categories:  seasonal  allergens  (i.e.  grass,  weed and tree  pollen),

perennial allergens (house dust mite and molds), insect venom (bee, wasp or hornet) and food

allergens. Both SPT results and specific IgE results were taken into account for each respective

sensitization  category.  Additionally,  certain  sensitization  features  were  assigned  separate

variables, due to their possible clinical relevance- strong sensitization to house dust mite- HDM

(D. pteronyssinus, D. farinae), cat dander and ragweed (Ambrosia). These sensitizations have

previously  been associated  with  disease severity  and more  severe outcomes.  [12–14] Strong

sensitization was defined as sIgE class R4-R6 to the respective allergen (sIgE to the respective

allergen > 17.50 kU/L). Atopic dermatitis was one-hot encoded, where values from -1 to .5 were

assigned the value 0 and values above .5 were assigned a value of 1.  Patients with missing

response data (18 patients) were removed from the analysis. Feature selection for clustering was

conducted through filtering based on the variance threshold, which was set to 5%.



Table

Table S4. Short and long names for the variables included in the study

alrg_atopy Atopy status

alrg_d1_perennial_ige sIge to Dermatophagoides  pteronyssinus (d1)

alrg_d2_perrenial_ige sIge to Dermatophagoides  farinae (d2)

alrg_e1_perennial_ige sIgE to cat dander

alrg_food_ige sIgE  to any food allergen

alrg_food_spt SPT results to food allergens

alrg_perennial_ige sIgE to any perennial inhaled allergen

alrg_perennial_spt SPT results to any perennial inhaled allergen

alrg_season_ige sIgE to any seasonal inhaled allergen

alrg_season_spt SPT results to any seasoonal inhaled allergen

alrg_venom_ige sIgE to Hymenoptera venom

alrg_w1_seasonal_ige sIgE to Ambrosia artemisiifolia

ass_asthma_ctrl_baseline Level of Asthma Control (controlled= 1, partly controlled= 2, uncontrolled= 3)

ass_asthma_sev_baseline Asthma severity at baseline

cmb_ahi AHI

cmb_allergic_rh1stis Allergic rhinitis (yes=1, no=0)

cmb_atopic_dermatitis Atopic dermatits (yes=1, no=0)

cmb_gerb_bin GERB (1=positive, 0=negative)

cmb_ri_score RI score (%)

gen_rs1042713 rs1042713 (ADRB2)

gen_rs17576 rs17576 (MMP9)

gen_rs1876828 rs1876828 (CRHR1)

gen_rs242941 rs242941 (CRHR1)

gen_rs37973 rs37973 (GLCCI1)

gen_rs9910408 rs9910408 (TBX21)

meas_fen0_baseline FENO (ppb)

meas_fev1_baseline FEV1 (% of predicted)

meas_mef50_baseline MEF50 (% of predicted)

phys_age Age [y]

phys_age_baseline Age at onset asthma [y]

phys_basophils Basophils (%, relative blood count)

phys_bmi_perc BMI percentiles

phys_disease_duration Duration of disease  [y]

phys_eosinophils_blood Eosinophil count in blood (%)

phys_eosinophils_dunger Eosinophils (absolute count)

phys_gender Gender

phys_height Height [cm]

phys_hscrp hsCRP (mg/ L)

phys_iga IgA [g/L]



phys_ige_total Total IgE (kIU/I)

phys_igg IgG [g/L]

phys_igm IgM [g/L]

phys_monocytes Monocytes (relative blood count, %)

phys_neutrophils_blood Neutrophil count in blood (%)

phys_platelets Platelets (x 10^9/L)

phys_weight Weight [kg]

resp_asthmalev_disc_1st-2nd

Response  to  treatment  according  to  D level  of  asthma control  (1=  good,  2=

moderate, 3= poor)
resp_asthmalev_disc_2nd-

3rd

Response  to  treatment  according  to  D level  of  asthma control  (1=  good,  2=

moderate, 3= poor)
resp_asthmalev_disc_baselin

e-1st

Response  to  treatment  according  to  D level  of  asthma control  (1=  good,  2=

moderate, 3= poor)
resp_asthmalev_disc_baselin

e-2nd

Response  to  treatment  according  to  D level  of  asthma control  (1=  good,  2=

moderate, 3= poor)
resp_asthmalev_disc_baselin

e-3rd

Response  to  treatment  according  to  D level  of  asthma control  (1=  good,  2=

moderate, 3= poor)

resp_fen0_disc_1st-2nd

Response to treatment according to D FENO score (1= good, 2= moderate, 3=

poor)

resp_fen0_disc_2nd-3rd

Response to treatment according to D FENO score (1= good, 2= moderate, 3=

poor)

resp_fen0_disc_baseline-1st

Response to treatment according to D FENO score (1= good, 2= moderate, 3=

poor)

resp_fen0_disc_baseline-2nd

Response to treatment according to D FENO score (1= good, 2= moderate, 3=

poor)

resp_fen0_disc_baseline-3rd

Response to treatment according to D FENO score (1= good, 2= moderate, 3=

poor)

resp_fev1_disc_1st-2nd Response to treatment according to D FEV1 (1= good, 2= moderate, 3= poor)

resp_fev1_disc_2nd-3rd Response to treatment according to D FEV1 (1= good, 2= moderate, 3= poor)

resp_fev1_disc_baseline-1st Response to treatment according to D FEV1 (1= good, 2= moderate, 3= poor)

resp_fev1_disc_baseline-2nd Response to treatment according to D FEV1 (1= good, 2= moderate, 3= poor)

resp_fev1_disc_baseline-3rd Response to treatment according to D FEV1 (1= good, 2= moderate, 3= poor)

resp_mef50_disc_1st-2nd Response to treatment according to D MEF50 (1= good, 2= moderate, 3= poor)

resp_mef50_disc_2nd-3rd Response to treatment according to D MEF50 (1= good, 2= moderate, 3= poor)
resp_mef50_disc_baseline-

1st Response to treatment according to D MEF50 (1= good, 2= moderate, 3= poor)
resp_mef50_disc_baseline-

2nd Response to treatment according to D MEF50 (1= good, 2= moderate, 3= poor)
resp_mef50_disc_baseline- Response to treatment according to D MEF50 (1= good, 2= moderate, 3= poor)



3rd

th_antileuk_1st LTRA (mg)

th_antileuk_2nd LTRA (mg)

th_antileuk_3rd LTRA (mg)

th_ch_1st-2nd

Change  of  treatment  dose  or  class  1st  to  2nd  control  (1=increase/step  up,

2=decrease/step down 0=no) 

th_ch_2nd-3rd

Change of treatment dose or class 2nd control to 3rd control (1=increase/step up,

2=decrease/step down 0=no) 

th_ch_baseline-1st

Change  of  treatment  dose  or  class  baseline  to  1st  (1=increase/step  up,

2=decrease/step down 0=no) 

th_ICS_1st-2nd Daily dose of ICS (mcg)

th_ICS_2nd-3rd ICS 2nd control to 3rd control (1=yes, 0=no)

th_ICS_baseline-1st ICS baseline to 1st (1=yes, 0=no)

th_ics_dose_1st Daily dose of ICS (mcg)

th_ics_dose_2nd Daily dose of ICS (mcg)

th_ics_dose_3rd Daily dose of ICS (mcg)

th_ICS_LABA_1st-2nd ICS+LABA 1st to 2nd control (1=yes, 0=no)

th_ICS_LABA_2nd-3rd ICS+LABA 2nd control to 3rd control (1=yes, 0=no)

th_ICS_LABA_baseline-1st ICS+LABA baseline to 1st (1=yes, 0=no)
th_ICS_LTRA_LABA_1st-

2nd ICS+LTRA (+/-LABA) 1st to 2nd control (1=yes, 0=no)
th_ICS_LTRA_LABA_2nd-

3rd ICS+LTRA (+/-LABA) 2nd control to 3rd control (1=yes, 0=no)

th_laba_1st_formoterol LABA dose (mcg)

th_laba_1st_salmeterol LABA dose (mcg)

th_laba_2nd_formoterol LABA dose (mcg)

th_laba_2nd_salemeterol LABA dose (mcg)

th_laba_2nd_salmeterol LABA dose (mcg)

th_laba_3rd_formoterol LABA dose (mcg)

th_laba_3rd_salmeterol LABA dose (mcg)

th_laba_dose_1st LABA

th_laba_dose_2nd LABA

th_laba_dose_3rd LABA

th_LTRA_1st-2nd LTRA 1st to 2nd control (1=yes, 0=no)

th_LTRA_2nd-3rd LTRA 2nd control to 3rd control (1=yes, 0=no)

th_saba_1st SABA (puffs per month)

th_saba_2nd SABA (puffs per month)

th_saba_3rd SABA (puffs per month)

th_steroid_1st_budesonide Inhaled steroid (generic name)

th_steroid_1st_budezonid Inhaled steroid (generic name)

th_steroid_1st_ciklesonide Inhaled steroid (generic name)

th_steroid_1st_ciklezonid Inhaled steroid (generic name)

th_steroid_1st_fluticasone Inhaled steroid (generic name)



th_steroid_2nd_budesonide Inhaled steroid (generic name)

th_steroid_2nd_ciklesonide Inhaled steroid (generic name)

th_steroid_2nd_fluticasone Inhaled steroid (generic name)

th_steroid_3rd_budesonide Inhaled steroid (generic name)

th_steroid_3rd_ciklesonide Inhaled steroid (generic name)

th_steroid_3rd_fluticasone Inhaled steroid (generic name)

th_treat_1st No treatment (no treatment=1, on treatment=0)

th_treat_2nd No treatment (no treatment=1, on treatment=0)

th_treat_3rd No treatment (no treatment=1, on treatment=0)

Table S5. Feature importance for the decision tree classifier

Feature

Feature

Importance %
meas_mef50_baseline 24.1
th_saba_3rd 17.1
phys_hscrp 8.3
phys_iga 6.8
phys_height 4.5
th_ICS_LABA_baseline-1st 4.5
th_ICS_LABA_2nd-3rd 4.3
ass_asthma_ctrl_baseline 3.2
phys_eosinophils_dunger 2.8
th_ch_baseline-1st 2.7
phys_neutrophils_blood 2.5
th_antileuk_2nd 2.5
phys_ige_total 2.5
phys_bmi_perc 2.4
meas_fen0_baseline 2.4
phys_monocytes 2.3
phys_age 2.2
gen_rs9910408 2
phys_eosinophils_blood 1.7
phys_platelets 1.4
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